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A session-based recommendation system (SRS) tries to predict the next possible choice of anonymous

users. In recent years, graph neural network (GNN) models have been successfully applied to SRSs and have

achieved great success. Using GNN models in SRSs, each session graph is processed successively to obtain

the embedding of the node (i.e, each action on an item), which is then imported into the prediction module

to generate recommendation results. However, solely depending on the session graph to obtain the node

embeddings is not sufficient because each session only involves a few items. Therefore, neighbor sessions

have been used to extend the session graph to learn more informative node representations. In this paper,

we introduce a Session-based recommendation MOdel based on Neighbor sessions with similar probabilistic

int Entions(SMONE). SMONE models the intentions behind sessions in a probabilistic way and retrieves the

neighbor sessions with similar intentions. After the neighbor sessions are found, the target session and its

neighbor sessions are modeled as a hypyergraph to learn the contextualized embeddings, which are combined

with item embeddings through GNN to produce the final item recommendations. Experiments on real-world

datasets prove the effectiveness and superiority of SMONE.

CCS Concepts: • Information systems→ Recommender systems;

Additional Key Words and Phrases: Session-based recommender systems, neighbor sessions, probabilistic

intentions

ACM Reference format:

Bohan Jia, Jian Cao, Shiyou Qian, Nengjun Zhu, Xin Dong, Liang Zhang, Lei Cheng, and LinJian Mo. 2023.

SMONE: A Session-based Recommendation Model Based on Neighbor Sessions with Similar Probabilistic

Intentions. ACM Trans. Knowl. Discov. Data. 17, 8, Article 111 (May 2023), 22 pages.

https://doi.org/10.1145/3587099

This work is supported by China National Science Foundation (Grant Nos. 62202282 and 62072301). This work is also

partially supported by the Program of Technology Innovation of the Science and Technology Commission of Shanghai

Municipality Granted No. 21511104700).

Authors’ addresses: B. Jia, J. Cao (corresponding author), and S. Qian, Department of Computer Science and Engineer-

ing, Shanghai Jiaotong University, 800 Dongchuan Road, Shanghai, China, 200240; emails: bohan_ieee@163.com, cao-

jian@sjtu.edu.cn, qshiyou@cs.sjtu.edu.cn; N. Zhu, School of Computer Engineering and Science, Shanghai University,

333 Nanchen Road, Shanghai, China, 200444; email: zhu_nj@shu.edu.cn; X. Dong, L. Zhang, L. Cheng, and L. Mo, Ant

Group, 569 Xixi Road, Hangzhou, Zhejiang, China, 310013; emails: zhaoxin.dx@antgroup.com, zhuyue.zl@antgroup.com,

lei.chenglei@antgroup.com, linyi01@antgroup.com.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee

provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and

the full citation on the first page. Copyrights for components of this work owned by others than the author(s) must be

honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists,

requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.

© 2023 Copyright held by the owner/author(s). Publication rights licensed to ACM.

1556-4681/2023/05-ART111 $15.00

https://doi.org/10.1145/3587099

ACM Transactions on Knowledge Discovery from Data, Vol. 17, No. 8, Article 111. Publication date: May 2023.

https://orcid.org/0000-0001-8023-6117
https://orcid.org/0000-0002-0036-9436
https://orcid.org/0000-0001-7775-1740
https://orcid.org/0000-0002-6146-9887
https://orcid.org/0009-0004-2523-9971
https://orcid.org/0000-0002-7744-7789
https://orcid.org/0009-0002-2186-699X
https://orcid.org/0000-0002-6682-1448
https://doi.org/10.1145/3587099
mailto:permissions@acm.org
https://doi.org/10.1145/3587099
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3587099&domain=pdf&date_stamp=2023-05-12


111:2 B. Jia et al.

1 INTRODUCTION

In recent years, an increasing number of enterprises are utilizing recommendation systems to in-

crease user interaction and enrich shopping potential [4, 34]. Some recommender systems leverage

the side information of users or items [25, 35]. Unfortunately, this side information is not always

available. As an important paradigm of recommender systems, session-based recommender sys-

tems (SRSs) have become popular in both academic research and business applications. In SRSs,

only anonymous users’ actions (actions and items are used interchangeably in this article) in one

session are obtained and their next actions are predicted in a timely manner. Because a user’s

long-term preferences are not available, since they are anonymous, SRSs try to learn short-term

but dynamic user preferences based on their session contexts.

Because of its ability to model complex dependencies, graph neural networks (GNNs) have

become the main approaches and have achieved great success, because session data can easily be

represented as a graph [43]. In the GNN-based approach, each session graph is processed succes-

sively to obtain the embedding of the node (i.e, each action on an item), which is imported into

the prediction module of SRSs. However, solely depending on the session graph to obtain the node

embedding is not sufficient. Some researchers focused on the neighbor sessions. Neighbor sessions

can provide more information but, at the same time, they also bring two challenges to the SRSs.

The first challenge is how to find appropriate neighbor sessions. The second challenge is how to

learn from the neighbor sessions.

Users’ behaviors are driven by intentions. Therefore, sessions with similar intentions can re-

veal related action patterns and also have a greater chance of including similar items. Some

studies have tried to extract intentions from sessions and make use of them in a different way

[8, 9, 20, 28, 51, 54, 55]. In particular, in Reference [28] intentions are also applied to retrieve

neighbor sessions. In these studies, intentions are represented as the category, keywords, or em-

beddings of items. However, the concept of intention is complex, and these explicit representations

oversimplify the meaning of intentions. In general, when a user browses products, his intention

is a mixture of some intended actions. For example, in Figure 1, there are several sessions. The in-

tentions behind these sessions are represented by a probability vector. Although these vectors are

different, they are similar to the corresponding vector of the target session. Therefore, we can take

them as the neighbor sessions of the target session. Probabilistic intention modeling for sessions

has a high tolerance to the signals brought by miscellaneous items. For example, in Figure 1, the

first session includes a pen, which can be regarded as a noise signal in terms of the other items in

this session. However, the intentions behind these sessions can still be revealed correctly. There-

fore, we propose a Session-based recommendation MOdel based on Neighbor sessions with

Similar Probabilistic IntEntions (SMONE).

After the neighbor sessions are identified, a graph can be constructed for each session and is

processed successively to learn the embeddings of items, similar to DGTN [53]. In Reference [28],

the weighted sum of each neighbor session’s representation is integrated with the target session.

All these approaches treat each neighbor session and target session independently and neglect the

potential connections among them. In SMONE, we try to incorporate the neighbor sessions and

the target session into a unified hypergraph and learn contextualized item embedding directly.

The main contributions of SMONE can be summarized as follows:

• We propose a method to model the probabilistic intentions behind sessions and obtain the

neighbor sessions in terms of the intention similarity.

• We use a unified hypergraph to model the potential connections between the neighbor ses-

sions and the target session to derive the contextualized item embeddings.

• We evaluate our model on three real-world datasets. Extensive experiments show the effec-

tiveness and superiority of SMONE.
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Fig. 1. The sessions with the probabilistic intentions.

The rest of this article is structured as follows: In Section 2, we introduce the background and re-

lated work. In Section 3, we describe the framework of SMONE. The approach to identify neighbor

sessions based on probabilistic intention modeling is introduced in Section 4. Section 5 describes

the other key components of SMONE in detail. The experiments and result analysis are presented

in Section 6. The article is concluded in Section 7.

2 BACKGROUND AND RELATED WORK

The problem of session-based recommendation aims to predict user actions based on anonymous

sessions. The biggest challenge in SRSs is that it cannot connect multiple sessions in terms of

their user identities directly. According to the techniques applied, the approaches for SRSs can be

divided into conventional approaches, latent representation approaches, and deep neural network

approaches [39]. In addition, graph neural networks, a special deep neural network model, are

becoming the major models for SRSs.

2.1 Conventional SRSs

Conventional approaches adopt conventional data mining or machine learning techniques to learn

the dependencies embedded in session data. For example, Markov chains (MC) can be utilized

to model the sequence of actions and predict a user’s next actions based on the session context

[45]. MC-based methods focus on modeling transitions between two consecutive items and cannot

represent the complex dependencies among items in a session.

2.2 Latent Representation-based SRSs

Latent representation approaches try to learn a low-dimensional latent representation for each

action within sessions with a matrix factorization model [32] or shallow neural network model

[40]. Then the informative representations that encode the dependencies between actions can be

used in recommendation. Factorization models suffer from the data sparsity problem and cannot

capture higher-order and long-term dependencies, while it is difficult for shallow neural network

models to model ordered or heterogeneous sessions.
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2.3 Deep-learning-based SRSs

In recent years, neural network models have played an increasingly important role in SRSs. Specifi-

cally, recurrent neural networks (RNNs) have been utilized in many studies, as they can process

sequential data [14, 23]. In addition, multi-layer perceptron (MLP) networks [24] and convo-

lutional neural networks (CNNs) [1] have also been applied in SRSs. Since sessions can be

represented as a sequence of items, RNNs have significantly improved the performance of SRSs

[14]. There are many studies that apply RNNs to SRSs. For example, in Reference [14], novel rank-

ing loss functions are designed for RNNs that are applied to SRSs. Moreover, the structures of

ordinary RNN models are extended to adapt to the requirements of SRSs, such as the variational

recurrent model [41]. Attentions are also introduced to RNN models for SRSs [21]. However, RNN

models only focus on the consecutive time patterns of the transitions of item choices and can-

not capture more complicated item transition patterns. Therefore, network models with different

structures are designed to encode more information. FWSBR [17] is proposed to integrate item at-

tributes and user–item interactions to make sustainable session-based recommendation. SASRec

[19] stacks multiple blocks of self-attention layers and point-wise feed-forward layers, which can

assign weights to previous items and sum them up. L2 normalization and dropout are adopted in

NISER [13] to deal with the long-tail problem and overfitting problem, respectively. In addition,

feature encoder and a self-attention layer are introduced to aggregate item features together as the

session feature. SSRM [12] considers a specific user’s historical sessions and applies the attention

mechanism to combine them. SPLIT [33] is a sequential recommender model via decomposing and

modeling user independent preferences in a sequence. These models only consider the session as

a totally random set.

2.4 GNN-based SRSs

Recently, GNNs have become the mainstream approach of SRSs in the existing research. Using

GNNs, sessions can be modeled as graphs and item embeddings are learned with GNNs. Then,

the item embeddings and session representations based on item embeddings are inputted into the

prediction modules of SRSs [43]. Many different GNN models have been proposed to improve the

performance of SRSs. For example, Qiu et al. [30] proposed a model named the Full Graph Neu-

ral Network (FGNN) to learn the inherent order of the item transition pattern and compute a

session-level representation to generate recommendations. GARG [44] applies a graph convolu-

tional neural network and the attention mechanism to provide users with appropriate new points

of interest. LESSR [7] proposes an edge-order preserving aggregation scheme based on GRU and

a shortcut graph attention layer to address the lossy session encoding problem and effectively

capture long-range dependencies, respectively. CGSNet [36] introduces contrastive learning to

overcome data sparsity in session-based recommendation.

Although these GNN models can capture the item dependencies in a session effectively, the

information obtained from the current session is inadequate. First, the length of a session is often

not long enough to provide adequate information to learn the users’ interests. Second, user actions

in sessions may contain noisy signals, i.e., a user may click an item randomly. The noisy signals

may lead to more errors in shorter sessions.

To obtain richer information, an extended graph can be built on historical sessions and the cur-

rent session for item embedding learning. Quadrana et al. [31] proposed HRNN, which applies

a recurrent architecture to aggregate the average feature of all sessions from the user’s history.

Bai et al. [2] proposed ANAM, which uses an attention model to combine different sessions. In

Reference [47], Xu et al. presented the graph context self-attention model GC-SAN, which uses

the graph neural network and the self-attention mechanism to learn the long-term dependence

between items in the session sequence. Yu et al. [50] proposed TAGNN to adaptively activate
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user interests by considering the relevance of historical behaviors given a target item. LDGC-SR

[29] integrates Long-range dependencies and global context information for session-based rec-

ommendation. In the GCN-GNN model, in addition to the session graph, a global graph is used

to learn the global-level item embedding by modeling pairwise item-transitions over all sessions

[42]. Reference [38] extracts both intra- and inter-session dependencies not only from the session

information but also the side information. However, the size of the global graph is too large, and

noisy signals are introduced into the learning process. CGL [27] employs the Gated Graph Neural

Networks to learn item embeddings. The model is trained by both the main supervision as well

as the self-supervision signals. The sequential order provides supervisions, and the global graph

sessions provide self-supervisions.

Some works attempt to make use of information from other relevant sessions to construct the

graph, which is called neighbor sessions [22, 53]. Neighbor sessions can provide more information

and at the same time, they also bring two challenges to the SRSs. The first challenge is how to find

appropriate neighbor sessions. The second challenge is how to learn from the neighbor sessions.

The easiest way to retrieve neighbor sessions is to find historical sessions, a strategy that is im-

plemented in DGTN [53]. After finding the neighbor sessions, DGTN integrates the target session

and its neighbor sessions into a single graph. However, in practice, it is difficult to find enough

neighbor sessions because of the sparseness of item interactions in SRSs. In Reference [22], the

neighbor sessions are defined as sessions that have similar item tags in the target session. How-

ever, tag information is not always available. Moreover, the relevancy of neighbor sessions cannot

be assured when only a small set of tags are defined in the system, because a tag will be shared

by quite a few items with different properties. Some researchers have explored the concept of in-

tention in session-based recommendation. Cui et al. [9] propose a model that considers category

information as user intention. In Reference [8], the intention is also represented by the category

information. In Reference [20], keywords are used as intentions. Another work [10] regards the

last clicked item and category information as intentions. Zhang et al. [51] combine dynamic inten-

tions and static intentions by constructing the current session as a digraph and undigraph. They

use the last node’s vector of the digraph to represent the user’s dynamic intentions. The user’s

static intentions are obtained by an attention mechanism above the node vectors of the undigraph.

Although using these explicit concepts as intentions is explainable, it neglects the latent property

of intentions. In contrast, in our model, intentions are directly modeled as probability factors.

Reference [28] retrieves the neighbor sessions in terms of the intention similarity and combines

the representations of the current session and the neighbor sessions to produce the final item

recommendations. CSRM [37] applies memory networks to contain auxiliary information from

neighbor sessions. The ideas underpinning our model and theirs are similar. However, they use

the last predicted item as the intention and we use probability factors to represent the intentions.

Moreover, in Reference [28], weighted neighbor session representations and the target session

representation are integrated directly through a gated fusion layer. In our model, we apply a unified

hypergraph to model all the neighbor sessions and target sessions and to learn more informative

representations.

3 SMONE: A SESSION-BASED RECOMMENDATION MODEL BASED ON NEIGHBOR

SESSIONS WITH SIMILAR PROBABILISTIC INTENTIONS

In this section, we formalize the problem first and then introduce the pipeline of SMONE.

3.1 Problem Statement

The item set V = {v1,v2, . . . ,vN } represents all of the unique items. An anonymous session sd can

be denoted as a list sd = {vd,1,vd,2, . . . ,vd,nd
} ordered by timestamps, where vs,i ∈ V is an item
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Fig. 2. The pipeline of SMONE.

that is clicked by the user in this session. There is a historical session set Sh and a target session

so = {vo,1,vo,2, . . . ,vo,no
} and the goal of SRSs is to predict the next itemvo,no+1 in which the user

may be interested.

3.2 Overview of the Pipeline of SMONE

SMONE consists of four steps, as shown in Figure 2. The first step is to find neighbor sessions

for the target session. Specifically, this step utilizes the topic model to mine latent intentions of

sessions and clusters sessions with similar intentions. The second step is to learn item embeddings

through two channels: a target session channel and a context channel. The target session channel

models the target session as a graph to learn the embeddings of the items. The context channel

learns the context information through a hypergraph based on the target session and the neighbor

sessions. In the third step, the node embeddings of the current session are concatenated with con-

textualized node embeddings. The concatenated embeddings and the current item embeddings are

fused by a linear layer. Then the fused embeddings are processed to obtain the session representa-

tion through a soft-attention module. Finally, the probability Ŷ of all candidate items is obtained by

multiplying each candidate by the target session representation. yi∈Ŷ is the output of the model,

which is the relevance score of the corresponding item. We can select candidate items with the

top-k values for the recommendation.

The first key technique of SMONE is to find the informative neighbor sessions using a specifi-

cally designed topic model, which captures item dependency relationships in a session. The second

key technique is to learn the target session representation in a more comprehensive way. We in-

troduce these two techniques in the next two sections in detail.

4 NEIGHBOR SESSIONS WITH SIMILAR PROBABILISTIC INTENTIONS

A session comprises a sequence of items, which can be regarded as a piece of text. Topic mod-

els have been widely used to uncover hidden topics from the text corpus [3]. In topic models,

documents are modeled as mixtures of topics and each topic is a probability distribution over

words. After applying a topic analysis model such as PLSA [16] and LDA [5], the topic compo-

nents and mixture coefficients of topics for each document can be learned. By treating each session

as a text and topics as intentions directly, sessions can be modeled as mixtures of intentions and

each intention is a probability distribution over items. Unfortunately, the lengths of sessions are

ACM Transactions on Knowledge Discovery from Data, Vol. 17, No. 8, Article 111. Publication date: May 2023.
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Table 1. Notation Table

Notation Description
α hyper parameters for intention Dirichlet distribution
β set of hyper parameters for item Dirichlet distribution
Θ represents the probability of sessions generated by all intentions
Φ represents the intention-item distribution
nd represents the length of session sd

ϕzd ,vd, j−1
polynomial distribution

δa,b denotes the Kronecker delta function
ϕk,r intention-specific item distribution

βk
(.),r

vector βk
(.),r

= {βk,r .l }Nl=1

βk,r hyper parameters for item Dirichlet distribution

ηk
(.),r

vector ηk
(.),r

= {nk,r .l }Nl=1

nk,r the times of intention k associated with the item r in the whole data
nk,r .l the times of intention k associated with the item pair r .l in the whole data

Δ normalization factor Δ =
Γ(
∑I

i=1 xi )∏I
i=1 Γ(xi )

τk the number of sessions owned by intention k
T the set of number of sessions owned by intentions
A the set of Dirichlet priors owned by intentions
Z−d Z -{zd }
S the set of all sessions

generally very short and the item co-occurrence patterns in each session are very sparse, so tradi-

tional models including PLSA and LDA cannot work well.

The good news is that some topic models have been proposed for short texts in recent years.

In particular, the researchers utilize a mixture of unigrams [26, 52] for short text classification.

Moreover, in Reference [48], a biterm topic model (BTM) is proposed for short texts where a

biterm represents a co-occurring word-pair. In some of the experiments that have been conducted,

BTM has proved its effectiveness in working on short text. However, these models follow the

assumption of bag-of-words but ignore the dependency information, i.e., they conduct statistics

on words to form a co-occurrence matrix without considering the dependency relationship. In

BTM, the two words that compose the word-pair in the corpus may be separated by several words

and they may have no direct relationships. In session-based recommendation, there are casual and

time-dependence relations behind the items in a session, because after users browse an item they

often move to the item that is related to the previous one. Therefore, our probabilistic intention

model for sessions restricts the item-pair to the one whose items appear sequentially in a session.

For convenience of description, we use the notations in Table 1 to describe the probabilistic

intention model.

4.1 Probabilistic Intention Modeling for Sessions

For session sd = {vd,1,vd,2 . . . ,vd,nd−1
,vd,nd

}, we assume that all the items appear in session sd

because of some inherent factors. We call this factor as intention and the selection of all the items

in sd is mainly driven by the intention.

Suppose there are a total of K primitive intentions. The intention distribution for session sd is

a K-dimensional probability vector Psd
. To obtain the intention distribution for each session, first,

we suppose each session is associated with an intention and the corresponding intentions of all

sessions are represented by Z = {z1, . . . , zM }, where M represents the total number of sessions in S .

Suppose α and β are the Dirichlet priors. Θ represents the probability of sessions generated by

all intentions and Φ represents the intention-item distribution, respectively. For the whole session

ACM Transactions on Knowledge Discovery from Data, Vol. 17, No. 8, Article 111. Publication date: May 2023.
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set S , the likelihoods of Z , Θ, and Φ can be expressed as follows:

p (S,Z ,Φ,Θ|α , β ) = p (S |Z ,Φ)p (Φ|β )p (Z |Θ)p (Θ|α )

p (S |Z ,Φ) =
M∏

d=1

p (sd |zd ,Φ)

p (Z |Θ) =
M∏

d=1

p (zd |Θ).

(1)

Without loss of generality, we assume that sd is a first-order Markov chain. Under this assumption,

item vd, j has potential dependencies on the latest item vd, j−1 and vd, j is generated by polynomial

distribution ϕzd ,vd, j−1
:

p (sd |zd ,Φ) =

nd∏
j=1

p (vd, j |vd, j−1, zd ,Φ)

p (vd, j |vd, j−1, zd ,Φ) =
N∏

i=1

ϕ
δi,vd, j

zd ,i
,

(2)

where nd represents the length of session sd . δa,b denotes the Kronecker delta function, where

when a = b, the function returns 1, otherwise the function returns 0.

For each intention, we draw an intention-specific item distribution ϕk,r ∼ Dir(β). We denote

βk
(�),r = {βk,r .l }Nl=1

and ηk
(�),r = {nk,r .l }Nl=1

. Then, we extract an intention distribution θ ∼ Dir(α ) for

each session as follows:

p (Φ|β ) =
K∏

k=1

N∏
r=0

p (ϕk,r |βk,r )

=

K∏
k=1

N∏
r=0

Γ(
∑N

l=1
βk,r .l )∏N

l=1
Γ(βk,r .l )

N∏
l=1

φ
βk,r .l−1

k,r .l
,

(3)

p (Θ|α ) =
Γ(
∑N

k=1
αk )∏K

k=1 Γ(αk )

K∏
k=1

θαk

k
, (4)

p (S |Z ,Φ) =
M∏

d=1

p (sd |zd ,Φ), (5)

p (S,Z |α , β ) =
Δ(T + A)

Δ(A)
��
�

K∏
k=1

N∏
r=0

Δ(ηk
(�),r + β

k
(�),r )

Δ(βk
(�),r )

��
�. (6)

Δ function is the normalization factor
Γ(
∑I

i=1 xi )∏I
i=1 Γ(xi )

. To infer ϕk,r and θk , we can adopt Gibbs sam-

pling to perform approximate inference [6] and estimate the parameters as follows:

p (zd = k |Z−d , S )

∝ (τk + α − 1)

M − 1 + Kα
�

N∏
r=0

���
�
∏N

s=1

∏N r ,l
d

i=1 (nk,r .l + βk,r .l + i − 1)
∏N r

d

j=1 (nk,r + Nβk,r + j − 1)

���
�
,

(7)

ACM Transactions on Knowledge Discovery from Data, Vol. 17, No. 8, Article 111. Publication date: May 2023.



SMONE: A Session-based Recommendation Model based on Neighbor Sessions 111:9

where τk is the number of sessions owned by intention k . In addition, we have T = {τk }Kk=1
, A =

{αk }Kk=1
and αk = α . For jth token of the dth session, vd, j−1 = r , vd, j = l . r .l represents the item-

pair and nk,r .l represents the times intention k associated with the pair r .l in the whole data. nk
r

denotes the occurrences of pair r in intention k .

• For each session sd = {vd,1,vd,2 . . . ,vd,nd−1
,vd,nd

}, sample the intention-mixture components

θd ∼ Dirichlet(α )

• For each intention k ∈{1, . . . ,K } and item r ∈{0, . . . ,N }

– sample item selection components ϕk,r ∼ Dirichlet(βk,r )

• For each session d ∈1, . . . ,M and j ∈ 1, . . . ,Nd

– sample a intention zd, j ∼ Discrete(θd )

– sample a item vd, j ∼ Discrete(ϕd, j ,vd, j−1).

Given Z , the parameters Θ and Φ can be estimated according to the following equations:

θk =
τk + ak∑K

k ′=1 (mk ′ + αk ′ )
,ϕk,r .l =

nk,r .l + βk,r .l∑N
l ′=1

(nk,r .l ′ + βk,r .l ′ )
. (8)

The computation of the data likelihood is critical in the inference and estimation. In general, the

likelihood function is defined as:

p (S ) =
M∏

d=1

p (sd ) =
M∏

d=1

p (sd,1, sd,2, . . . sd,nd
)

=

M∏
d=1

K∑
k=1

p (sd,1, sd,2, . . . sd,nd
, zd = k ).

(9)

Now, each model differs in the way the p (vd,1, .vd,Nd
, zd,Nd

) component is defined. Bayes rule

and the first-order Markov assumption over tokens simplifies the above probability into:

loдp (S ) =
M∑

d=1

loд ��
M∏

d=1

∑
k

θkϕk,vd, j−1 .vd, j
�
�. (10)

Figure 3 shows the graphical intention model.

4.2 Neighbor Session Identification based on Intention Similarity

After obtaining the probability distribution Psd
∈ RK of the intentions of a session, we can calculate

the similarity between the sessions using Cosine similarity according to Equation (11).

Insim =
Pso
� Psd

| |Pso
| | | |Psd

| | (11)

For the target session so , we find its most similar previous sessions to constitute the neighbor

set Nso
based on the intention model. These sessions provide richer information.

5 EMBEDDING AND RELEVANCE SCORE PREDICTION IN SMONE

5.1 Item Embedding Based on GNN

A graph is suitable for representing the dependencies and interrelationships between various en-

tities. Therefore, it is suitable for modeling session information. We model the items in the tar-

get session so as a session graph Gso
=
{
Vso
,Eso

}
where Vso

is the node set and Eso
is the edge

set, in which each edge evi ,vj
∈ Eso

denotes the pairwise transitions between items in a ses-

sion. A graph is suitable for representing the dependencies and interrelationships between various

entities. Therefore, it is suitable for modeling session information. We model the items in the
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Fig. 3. Graphical intention models.

target session s and items of its neighbor sessions in Ns as an extended graph EGs = {Vs ,Es }
where Vs is the node set and Es is the edge set. Each edge evi ,vj

∈ Es denotes the neighbor rela-

tionships between items in a session.

The session graph can encode the item sessions in a target session. The convolution operations

for the ith item in the session so are as follows:

at
so,i
= Aso,i

[
vt−1

so,1
, . . . , vt−1

so,n

]T
H + bд , (12)

zt
so,i
= σ
(
Wzat

so,i
+ Uzvt−1

so,i

)
, (13)

rt
so,i
= σ
(
Wr at

so,i
+ Ur vt−1

so,i

)
, (14)

ṽt
so,i
= tanh

(
We at

so,i
+ Ue (rt

s,i � vt−1
so,i

)
)
, (15)

vt
so,i
=
(
1 − zt

so,i

)
� vt−1

so,i
+ zt

so,i
� ṽt

so,i
, (16)

where H is the weight. vt
soj

(j = 1, 2, . . . ,n) stands for item embeddings with dimension d in t th

step. zt
so,i

and rt
so,i

are the reset and update gates, respectively. at
so,i

contains activations from

edges in both directions. bд is a bias parameter vector. σ (·) represents the sigmoid function and �
represents the element-wise multiplication function. Aso

∈ Rn×2n contains Ain
so

and Aout
so

in two

columns of blocks. Ain
so
∈ Rn×n is the adjacency matrix of nodes, which represents the weighted

coefficients of incoming edges between nodes. Aout
so

is the outgoing edge matrix. Aso,i ∈ R1×2n

is the adjacency matrix corresponding to node i in the session.

We can obtain the current item embeddings using this method. The nodes’ features in the current

session are aggregated via the edges in the graph. The network outputs more typical representa-

tions of these nodes concluding the information of the current session.
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ALGORITHM 1: Algorithm for Intention Modeling for Sessions

Input: The session set S ;

Output: Intention assignment of each session Psd
;

1: Initialize τk ,n
k
(.),r .l
,nk

(.),r
to zeros;

2: for each session sd in S do

3: Sample an intention k :

4: τk += 1

5: zd = k∼Multi (1/K )
6: Nd = length of session sd

7: for i ∈ [1,Nd ] do

8: nk
(.),r .l

+= 1

9: nk
(.),r

+= 1

10: end for

11: end for

12: repeat

13: for session sd do

14: k = zd //Record the intention of sd

15: τk− = 1 zd = k
′∼Multi (1/K )

16: for i ∈ [1,Nd ] do

17: nk
(.),r .l
− = 1

18: nk
(.),r
− = 1

19: end for

20: Sample an intention for sd zd = k∼p (zd = k |Z−sd
, S )

21: τk+ = 1

22: for i ∈ [1,Nd ] do

23: nk
(.),r .l
+ = 1

24: nk
(.),r
+ = 1

25: end for

26: end for

27: until convergence

28: for k ∈ [1,K] do

29: p (zd = k )∼p (zd = k |Z−sd
, S )

30: end for

31: Output Psd
for every session in S

5.2 Contextualized Item Embedding Based on a Hypergraph

A hypergraph can encode high-order data correlations (beyond pairwise connections) using its

degree-free hyperedges [11]. The items in the neighbor sessions can be represented by a hyper-

graph and item-transitions would proceed in terms of intention. At the same time, these items

acquire transitions not only from those items having a causal relationship with them but also

from the items in cross-session.

We model the items in current session so and items of its neighbor sessions in Nso
as a session

hypergraph Hso
=
{
Vso
,Eso

}
, where Vs is the node set and Eso

is the edge set, in which each

hyperedge eso,i ∈ Eso
denotes a session and Vso

represents the set of items in the target session

and neighbor sessions. An example of a session hypergraph is shown in Figure 4.
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Fig. 4. An example of session hypergraph.

The hypergraph convolutional layer can encode the hypergraph-based cross-session item em-

bedding. The convolution operation is:

s
′ (nl+1)
h

= D−1
h HhWhB−1

h HT
h s
′ (nl )
h

Ph , (17)

where Ph ∈ R(nl )×(nl+1) is the weight matrix between layer nl and layer nl + 1. Dh is the degree

matrices of the vertex, and Bh is the degree matrices of the hyperedge, Hh ∈ RnN×nM is the

incidence matrix, and Wh ∈ RnM×nM is the positive weight matrix. The weight value of each

hyperedge is set to 1 equally. s
′

h
= {vh

so,1
, . . . , vh

so,n } is the item embeddings in the sessions, and vh
so

denotes the item embeddings in the hypergraph channel. We can obtain the contextualized item

embeddings using the hypergraph module.

5.3 Item Embedding Fusion

v
′
so,i

and vh
so,i

denote item embeddings from the current session and the context channel, respec-

tively. vc
so,i

represents the contextualized item embeddings in the features. Since both embeddings

carry fundamental information, we fuse the embeddings of the nodes as Equation (18):

vc
so,i
= tanh

(
Wf

(
v
′
so,i
‖vh

so,i

))
. (18)

‖ denotes the concatenation operation. Wf ∈ R(nl )×(nl+1) is a parameter matrix, which represents

a linear layer.

5.4 Session Embedding

We adopt the same strategy that is adopted in gated GNN [43] to represent the embedding of

a session: s′ = {v′so,1, v
′
so,2, . . . , v

′
so,n }. At the same time, s′c = {vc

so,1
, vc

so,2
, . . . , vc

so,n
} denotes

context-fused embeddings. The total session embedding is calculated as follows:

ai = fTσ
(
W1v

′
so,n
+W2v

′
so,i
+W3v

c
so,i
+ bi

)
, (19)

sд =

n∑
t=1

ai v
′
so,i
, (20)

sh =W4

[
v
′
so,n
‖sд

]
, (21)

where sд denotes the embedding of the session. v
′
so,n is the last item embedding in the current

session. v
′
so,i

is the item embedding in the current session. vc
so,i

is the item embedding in the

session after fusing the neighbor information. Introducing parameter f ∈ Rd and W1,W2, and

W3 ∈ Rd×d in Equation (19) means these item embeddings have different levels of priorities. sh is

the primary session embeddings except the last-clicked item. bi is bias for item i . ai is the weight.

The final embedding of the session is sh , which can be calculated using Equation (21).
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Table 2. Statistics of Datasets Used in the Experiments

Statistics Yoochoose1/64 Diginetica Tmall

click 557,248 982,961 818,479

train 369,859 719470 351,268

test 55,898 60,858 89,824

items 16,766 43,097 40,728

Average length 6.16 5.12 6.69

5.5 Item Recommendation

After obtaining the embedding of the target session, we multiply each candidate item vector vi by

sh to compute the predicted scores of the items, which can be calculated as:

ẑi = vT
i sh . (22)

Then, we use a softmax function to generate the output vector Ŷ:

Ŷ = so f tmax (Ẑ), (23)

L(ŷ) = −
N∑

i=1

yiloд(ŷi ) + (1 − yi )loд(1 − ŷi ), (24)

where y denotes the one-hot encoding vector of the ground truth item. Finally, we adopt the back

propagation through time (BPTT) algorithm to train the model.

6 EXPERIMENT

We evaluate SMONE and compare it with other models on three real-world datasets and answer

the following questions:

• RQ1 How does SMONE perform compared with the representative recommendation

approaches?

• RQ2 How does the number of intentions impact the performance of SMONE?

• RQ3 How does the number of neighbor sessions impact the performance of SMONE?

• RQ4 How do the dimensions of embeddings impact the performance of SMONE?

• RQ5 How does the depth of the model impact the performance of SMONE?

• RQ6 Do the neighbor sessions benefit improving the recommendation performance?

• RQ7 How is the model training time affected by certain factors?

6.1 Datasets

Our experiments are performed on three real-world datasets, namely, Yoochoose [15], Diginetica

[21], and Tmall [46]. Yoochoose was built for the RecSys 2015 competition, and it contains a col-

lection of sessions, which represents the users’ clicks on an e-commerce website. The Diginetica

dataset was prepared for the CIKM CUP 2016 and consists of transactional data only. The Tmall

dataset was used for the IJCAI-15 competition. It contains anonymous shopping logs on the Tmall

online shopping platform. The statistics of the datasets are listed in Table 2.

6.2 Experimental Settings

In the experiment, we use PyTorch libraries and Torch.geometric libraries to implement our model.

All the experiments were performed using TITAN RTX with 126 GB RAM.

We set the dimensionality to 100 of the embedding vectors for all datasets. The parameters in

the model are initialized with a mean of 0 and a standard deviation of 0.1. For the Adam optimizer,
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the initial learning rate is set to 0.001 with a decay of 0.1 every 3 epochs. The batch size was set to

128 and the L2 penalty was set to 10−5.

6.3 Metrics

We use two metrics to evaluate SMONE and other comparative algorithms. The two metrics are

as follows:

P@N is the prediction accuracy, which represents the proportion of correctly recommended

items among the top-N items.

MRR@N is the mean reciprocal rank. It is the average reciprocal of the position of the recom-

mend item when the recommendation is correct. The higher the MRR@N value, the better the

prediction.

Specifically, we use P@10, P@20, MRR@10, and MRR@20 as the evaluation metrics in this

article. For significance testing, we use a paired t-test with p < 0.05.

6.4 Comparative Methods

We compare SMONE with the following representative methods to evaluate its performance:

FPMC [49]: FPMC combines a first-order Markov chain model and matrix factorization for next

basket recommendation.

GRU4REC [18] and NARM [21]: These are both RNN- based methods. GRU4REC uses a session-

parallel mini-batch training process to model user click sequence. The number of hidden units was

set to 100. The dropout parameter was set to 0. The learning rate was 0.01. The mini-batch was fixed

at 500. NARM employs the attention mechanism to capture the user’s main purpose and combines

it with the sequence behavior as the final representation for the session-based recommendation.

The number of hidden units was set to 100. The dropout parameter was set to 0.25. The learning

rate was 0.001. The mini-batch was fixed at 512. The number of epochs was set to 30.

STAMP [24]: It is an attention-based method. STAMP is a novel short-term memory priority

model that captures user’s general preference and current interests according to employing simple

MLP networks and an attentive net. The learning rate was 0.005 and the learning rate decay was

1.0. The mini-batch was fixed at 512. The number of epochs was set to 30.

CRSM [37]: CRSM applies collaborative neighborhood information to session-based recommen-

dations. We set two momentum parameters β1 = 0.9 and β2 = 0.999, respectively. The learning rate

was 0.0001 and the batch size was set as 512. The embedding dimension of items and hidden units

of the GRU were 100. The number of nearest neighbors was 256.

SR-GNN and DGTN [53]: These are both two GNN-based methods. SR-GNN was the first to

use a graph network to establish relationships between items within a session. The learning rate

was set to 0.001 and the decay rate was 0.1 after every 3 epochs. The batch size and the L2 penalty

was set to 100 and 10−5, respectively. The number of epochs was set to 30. Different from SR-GNN,

DGTN calculates the repetition of items within a session to find the neighbor sessions and then

introduces cross-session information to improve the performance of the model. The learning rate

was set to 0.001 and the decay rate was 0.1 after every 3 epochs. The batch size was set to 100. The

number of epochs was set to 30 and the number of neighbor sessions was 140.

FGNN: FGNN collaboratively considers the sequence order and the latent order in the session

graph for a session-based recommender system [30]. It formulates the next item recommendation

within the session as a graph classification problem. The learning rate was 0.001 and the learning

rate decay was 0.1 after every 3 epochs. The batch size and the L2 penalty were fixed at 100 and

10−5. The number of epochs was set to 30.

ICM-SR [20]: ICM-SR is similar to our method on leveraging prior items in neighbor sessions. It

encodes current session by leveraging the previous items and the last item to represent the session,
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Table 3. Experiment Results of Different Methods

Method
YOOCHOOSE1/64 DIGINETICA Tmall

P@10 MRR@10 P@20 MRR@20 P@10 MRR@10 P@20 MRR@20 P@10 MRR@10 P@20 MRR@20

FMPC 37.41 20.01 45.64 15.89 15.48 6.24 23.53 6.73 15.48 6.24 16.08 7.32

GRU4REC 52.39 24.51 60.11 22.57 17.87 7.66 29.45 8.33 17.87 7.66 10.87 5.85

NARM 57.77 27.34 68.71 28.65 35.67 15.24 49.70 16.13 19.22 10.71 23.43 11.01

STAMP 58.89 29.12 68.72 29.60 33.94 14.26 45.61 14.24 22.66 13.18 26.49 13.38

FGNN 59.13 29.66 70.03 30.33 37.72 15.95 50.36 16.68 23.57 12.62 26.24 12.88

SR-GNN 59.98 29.94 70.51 30.48 36.86 15.52 50.70 17.51 24.39 13.41 27.57 13.72

CRSM 59.92 30.02 70.79 30.48 35.52 15.52 50.00 17.16 24.61 13.53 25.11 13.68

DGTN 58.84 30.11 70.83 30.33 38.33 15.99 51.38 17.78 23.87 13.64 28.01 13.97

ICM-SR 60.27 30.63 70.08 31.17 38.89 16.21 52.33 17.72 24.84 13.64 28.59 14.01

SMONE-BTM 60.36 30.71 71.13 31.28 39.08 16.58 52.41 17.95 24.57 13.78 28.61 13.97

SMONE-MOU 60.39 30.75 71.15 31.29 39.11 16.62 52.46 18.09 24.76 13.81 28.63 14.15

SMONE-No 59.88 29.89 70.64 30.51 36.89 15.55 50.75 17.54 23.43. 13.47 27.60 13.74

SMONE 60.43 30.83 71.23	 31.37	 39.15 16.74 52.52	 18.13	 24.96 13.83 28.69	 14.16	

	denotes a significant improvement of SR-IEM over the other baseline using a paired t-test (p < 0.05)
.

Table 4. Experiment Results with Different Intention Numbers

Intention

number

YOOCHOOSE1/64 DIGINETICA Tmall

P@10 MRR@10 P@20 MRR@20 P@10 MRR@10 P@20 MRR@20 P@10 MRR@10 P@20 MRR@20

\10 59.93 29.76 70.03 30.65 37.83 16.17 51.22 17.86 24.51 13.56 28.06 13.83

\20 60.11 29.96 70.32 30.82 38.01 16.35 51.61 17.98 24.53 13.62 28.17 14.05

\30 60.23 30.33 70.85 31.04 38.19 16.50 51.70 18.07 24.63 13.67 28.35 14.09

\40 60.35 30.71 71.06 31.19 38.46 16.61 52.25 18.06 24.71 13.75 28.53 14.11

\50 60.43 30.83 71.23 31.37 38.62 16.73 52.52 18.13 24.78 13.83 28.69 14.16

\60 60.38 30.77 71.14 31.28 39.15 16.74 52.46 18.08 24.96 13.79 28.63 14.12

which is then used to produce initial item predictions as intent. The session with similar intent will

be defined as the neighbor session. The learning rate was 0.001 and the learning rate decay was 0.1

after every 3 epochs. The batch size and the L2 penalty are fixed at 100 and 10−5. The number of

epochs was set to 30. The number of candidate neighbors and the final neighbors are set to 1,000

and 100, respectively.

6.5 Experiment Results and Discussion

6.5.1 Overall Performance (RQ1). The experimental results of all the methods are shown in Ta-

bles 3, 4, 5. It can be noted both the RNN-based methods (GRU4REC and NARM) underperform

their neighborhood-based variants (KNN-RNN). This shows that adopting collaborative informa-

tion from other sessions is an effective method.

• Deep learning methods show their strength in session-based recommendation. Their

performance is clearly superior to traditional recommendation methods, which proves that

adopting a deep learning technology in recommendation systems is a necessary means, since

neural networks can model the complex interactions among items.

• In general, the graph-based methods (SR-GNN, DGTN, FGNN, and SMONE) outperform the

RNN-based methods (GRU4REC, NARM, KNN-RNN, and CSRM). This also verifies the con-

clusion that modeling the relationship of items as graph-structured models by using GNN

is superior between items, as graph-structured models using GNN are superior to the RNN-

based method.

• We compared our SMONE with other variants by use of topic models to model intentions di-

rectly. SMON-BTM and SMONE-MOF are the SMONE variants utilizing biterm topic model

and mixture of unigrams to extract intentions of sessions, respectively. It can be found

SMONE achieves the best performance on all of the datasets. By learning the context em-

bedding, SMONE has the ability to fuse information of items within corresponding sessions

more efficiently.
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Table 5. Experiment Results with Different Neighbor Session Numbers

Neighbor Session Number
Yoochoose 1/64

P@10 MRR@10 P@20 MRR@20

5 59.90 29.92 70.64 30.53

10 59.93 29.93 70.66 30.55

15 59.95 29.98 70.69 30.61

20 60.01 30.06 70.71 30.68

25 60.08 30.13 70.79 30.85

30 60.16 30.28 70.89 30.96

35 60.22 30.43 70.98 31.05

40 60.29 30.52 71.12 31.17

45 60.32 30.68 71.19 31.27

50 60.43 30.83 71.23 31.37

55 60.36 30.72 71.15 31.28

60 60.30 30.59 71.09 31.19

Fig. 5. P@K with different intention numbers.

6.5.2 Impact of the Number of Intentions (RQ2). To analyze the impact of the number of inten-

tions, we change the number of intentions from 10 to 60. Table 4 and Figures 5 and 6 show the

results. The k value of top-k neighbors is set as 50. On the Yoochoose1/64 dataset, P@10, P@20,

MRR@10, and MRR@20 improve with the number of intentions until the number of intentions is

50. On the DIGINETICA dataset, P@20 and MRR@20 also increase with the number of intentions,

and the best result is when the number of intentions is 50. But P@10 and MRR@10 of the model

performance achieve the best result until the number of intentions is 60. We also test the model

performance on Tmall dataset. And we obtain similar result on the Yoochoose1/64 except for P@10.

We did not test the performance of our model with the number of intentions larger than 60, be-

cause generating intentions by the intention model takes more than 5 hours when the number of

topics is 60. This indicates that the correct clustering of neighbor sessions benefits improves the

performance of SMONE.

6.5.3 Impact of the Number of Neighbor Sessions (RQ3). In the experiment above, the k value

of the top-k neighbors is set as 50. But the number of neighbor sessions indirectly determines

how much additional semantic information from the global can be provided with. For a large k ,
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Fig. 6. MRR@K with different intention numbers.

Fig. 7. Experiments results with different neighbor sessions on Yoochoose1/64.

to construct the hypergraph and learn the embeddings takes a great amount of time. Therefore,

to test the impact of numbers of neighbor sessions, we select the Yoochoose1/64 dataset and the

numbers of intention in the experiments here are all set to 50.

The k values are selected from 5 to 60 to test the impact of the number of neighbor sessions. The

results are listed in Table 5 and Figure 7. It can be seen that neither too many neighbor sessions

nor too few perform optimally. When the number of neighbor sessions is 50, the performance

of the model is better than the other model with a different number of neighbor sessions. Model

with 50 neighbor sessions achieves the best performance measured with all the metrics. It is very

important to select the proper number of neighbor sessions for the model. A too-small number of

neighbor sessions cannot provide enough additional information, while too many sessions tend to

generate noise.

6.5.4 Impact of Dimensions of Embeddings (RQ4). We compare the performance of the model

with different embeddings of dimension. We change the number of dimensions from 50 to 200.
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Table 6. Experiment Results with Different Dimensions of Embeddings

Yoochoose1/64

50 100 150 200

P@20 MRR@20 P@20 MRR@20 P@20 MRR@20 P@20 MRR@20

\SMONE 31.13 71.14 31.37 71.23 31.12 71.08 31.10 71.04

Fig. 8. Impact of depth.

The model achieves the best results when the number of dimensions of the embeddings is 100.

The results are shown in Table 6.

6.5.5 Impact of Depth (RQ5). We also consider the impact of depth of the model. The num-

bers of layers of the network range between 1, 2, 3, 4, 5. The model achieves the best result with

3 hypergraph convolution layers. Too many or too few layers can reduce the performance of the

model. The results are as shown in Figure 8.

6.5.6 Ablation Study (RQ6). In addition, we conducted an ablation experiment on the variant

model without the context channel. The variant SMONE-No is similar to SR-GNN except for a

jumping knowledge layer. The input of the target session channel and the output of this chan-

nel aggregate with the jumping knowledge strategy. The representations of nodes from different

layers comprise the representation v ′s through max pooling and the P@10, MRR@10, P@20, and

MRR@20 of the variant on Yoochoose1/64 are 59.88, 29.89, 70.64, and 30.51, respectively. The same

phenomenon was observed on the other two datasets. SMONE achieves the best performance on all

of the datasets in the experiment compared with SMONE-No. By learning the context embedding,

SMONE has the ability to fuse information of items within corresponding sessions.

6.5.7 Model Training Efficiency (RQ7). To measure the computational efficiency of the model,

we record their different training time with different neighbor session numbers and different in-

tention numbers. In the experiments, we set the batch size as 128 and the hidden size as 100. The

model is trained with 15 epochs, and we record the average training time per epoch.

In the experiment for training time testing with different neighbor session numbers, we set

the intention number to 50. Figure 9(a) shows that training time increases with neighbor session

number.

In the experiment for training time testing with different intention numbers, Figure 9(b) shows

that the training time decreases with intention numbers. To understand the reason, we count the

average numbers of neighbor sessions under different intention numbers. When the intention

number increases from 10 to 60, the average number of neighbor sessions decreases. We believe

that it is the reason for the gradual decrease of training time with the intention numbers.
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Fig. 9. Computational efficiency.

7 CONCLUSIONS AND FUTURE WORK

We propose a novel method, SMONE, to explore more informative historical sessions to improve

the performance of SRSs. To overcome the sparsity problem to find neighbor sessions in terms of

the same item between the target session and historical sessions, we identify the neighbor sessions

that have the similar intentions to the target session. After the neighbor sessions are found, the

current session is constructed as a graph to learn the item embeddings. In addition, the target

session and its neighbor sessions are modeled as a hypergraph to learn the contextualized item

embeddings. Specifically, we use hypergraph convolution to embed the context information based

on the extended session graph. Extensive experiments on three real-world datasets show SMONE

achieves better performance than its counterparts. It also indicates intention-similar sessions do

provide useful information to help improve the performance of SRSs.

Our work can be extended further. In this article, we recommend the next item mainly based

on the current session and neighbor sessions to find information that can be used. How to define

and search the neighbor sessions from all the sessions is a kind of future work. Moreover, how to

model item correlations within different sessions is another challenge for future study.
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